The scheme ofadvance reservations in dynamically provisioned optical networks is novel, and there are no gridbased applications designed to utilize this scheme. 
Introduction
Lambda-Grids are virtual aggregations ofgeographically distributed computational elements tightly coupled with dynamic lambda circuits which provide dedicated multigigabit communication channels [18] . They support sophisticated e-science applications, which require a high performance computing environment including guaranteed and sustained high bandwidth [3] . One way to ensure bandwidth guarantees is to offer the service of reserved end-to-end (e2e) dedicated data channels. This has been recognized by the grid community. Older definitions of advance reservation have been updated to incorporate network bandwidth along with computational and storage elements [1] .
More specifically, the Grid High Performance Networking draft on Network Services [2] proposes an independent Network Advance Reservation Service in its service definitions. This service would allow the user to negotiate and claim specific network resources for a requested period. Interestingly, lightpaths [6] , which are the communication channels in wavelength division multiplexing (WDM) optical networks, can be reserved in advance. Specialized signaling protocol abstractions like UCLP [6] , GridJIT [19] and ODIN [14] , and multi-domain policy-based mechanisms for access control like the Bandwidth on Demand service [12] , have been devised to dynamically set up application controlled e2e lightpaths. In fact, e2e lightpath management has already been put into practice in the CA*net4 national research network [6] , the National Lambda Rail [15] , and has been proposed for SURFnet 6 [16] .
Reservation of lightpaths has been discussed [10] , but its wide scale utilization has not yet been attempted. Consequently, there is a pressing need to not only provide a tool which can be used to study the interplay of advance reservations with other strategies used for network resource optimization, but also to define the advance reservation scheme itself in the context of dynamically provisioned optical networks. The pattern of user requests in an advance reservation scheme is significantly different from the pattern in an on-demand network environment. Advance reservation requests are not only a function of the time at which they arrive but also of the time in the future for which the reservations are requested. Our goal is to model these requests for systems that support advance reservations. Recently, the work in reservations has focused on reservation protocols [8] , and simulation analysis has been performed in the context of packet switched networks [17] . However, the basis for analysis is different for e2e lightpaths, which is essentially a connection-oriented setup. The mathematical analysis of advance reservations presented in [7] is close to this context, and we have chosen to extend and adapt it to the optical domain. Though not specific to traffic modeling, both the discussion on the relevance of advance reservations to routing and wavelength assignment in [23] and the general concepts on advance reservations in [21] are useful. It should also be noted that the reservation scheme presented here is targeted at bulk data transfer and complements resource management strategies in evolving technologies such as optical burst switching.
In [20] 
Analytical Model
A mathematical model for the advance reservation scheme, which extends the analysis provided in [7] , is proposed to facilitate the understanding of the different variables at play. It provides us with two useful metrics, Rejection Probability and Reservation Probability. The rejection probability is a measure of the capacity that the underlying network can handle. The reservation probability is a measure of the utilization of the network based on the pattern of user requests and can be used to define the appropriate number of network resources, which would keep the rejection probability down to an acceptable level. While the advance reservation scheme is not constrained to fixed network topologies, it is much easier to construct a tractable model for a single link connecting two network nodes. Figure 1. 11. A reservation request is accepted if there are enough wavelengths in the time slot to accommodate the request. Otherwise, it is rejected and lost. In the preliminary discussion, only a single wavelength is assumed available per time slot. Later, we relax this assumption and extend the model to multiple wavelengths. It is clear from the above assumptions that, when analyzing the behavior of reservations, the effects of at least two independent distributions need to be considered, request arrivals and reservation start times. Note that this differs from the commonly used metric ofblocking probability based on the Erlang-B formula, which takes into consideration only the effects of the request arrivals distribution and subse- quently leads to an analysis of the immediate reservation case. Also, the strategy adopted to accept a request among several competitors (call admission control) is not relevant to this model. The analysis provided here should serve as input to such an admission control policy, thus enabling optimal decisions.
Rejection Probability
In the case of a single wavelength, the rejection proba- E.= Aasm. Eq. (1) is valid for EL= 1 Aas_m > 1. However, if the advance reservation distribution is assumed to be a uniform distribution, such that at = 1/K, for each i, then the expression for rejection probability can be simplified, and Since the arrivals are assumed to be Poisson with the arrival parameter A, we have qn = exp(-A)(An/n!), and
The reservation probability, Pre,, of at least one reservation request, can be obtained by subtracting,the first coefficient of (4), in its expansion in powers of z, from 1. So,
If the advance reservation distribution is assumed to be an uniform distribution, ai = 1/K, which can be used in (4) to obtain EzH = exp(-A(1 -z)La) = exp(-A(1 -Z)). (6) Using (6), (5) can be rewritten as (7) It can be seen that, in the case of uniform distribution for advance reservation, the reservation probability in (7) is independent of any s terms, and is a constant for all the 987 (5) t " . : ::. ::.
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Since W > 0 and L > 0, (1-X)/X > 0. Therefore (7) and (8) Figure 3 . Plot of reservation probability vs rejection probability for a uniform distribution.
To reduce the rejection probability for higher values of reservation probability, it is necessary to provision more 
To obtain the reservation probability for Y wavelengths, the first Y terms in the expansion of (4) (11), the relation between the rejection and the reservation probability in the case of uniform distribution for advance reservations can be written as (12) Figure 3 shows the relationship defined in (12) . As the number of available wavelengths increases, the rejection probability drops more rapidly as the reservation probability decreases. If the utilization (reservation probability) is known, then an appropriate value of Y can be picked to achieve an acceptable level of rejection probability.
The discussion above suggests that the reservation probability can be used as a pre-provisioning metric to plan the network capacity, and that the rejection probability can be used as a post-provisioning metric to track the throughput of the network in terms of data transfer requests accepted.
As noted earlier, a bursty advance reservation distribution leads to non-uniform utilization. In such a case, a decision has to be made on the number ofwavelengths that need to be provisioned. Choosing a number to satisfy the upper bound on the reservation probability will yield a lower rejection probability, but also a decreased utilization. Conversely, choosing a number to satisfy the lower bound on the reservation probability will yield a higher rejection probability but possibly an increased utilization. Thus, without accurate knowledge of either request arrival distribution and or advance reservation distribution, it is difficult to analytically predict this sweet spot for the number ofwavelengths.
Hence, for more practical considerations, performing simulations seems to be a more promising alternative. Nevertheless, the analysis of the rejection probability still turns out to be useful in specific cases, providing a precise lower bound. This is discussed in detail in section 4. 
FONTS
In the previous section, a mathematical model for analyzing advance reservation requests was presented. This model is helpful for preliminary analysis, but is limited by the constraints imposed. Extending the model to relax any of the constraints and making it general enough to cover every possible traffic scenario has proved to be difficult. To obtain a more precise analysis in a generic setup, simulation is a natural choice. While many optical network simulators are available, none of them is equipped to handle advance reservation requests. More importantly, there are hardly any applications designed to reserve lightpaths in optical networks. Hence no information about the pattern of lightpath utilization is available. FONTS was bom out of this need for synthetic traces.
FONTS can be operated to generate traces in one ofthree reservation modes: advance, on-demand (immediate) and periodic. The advance reservation mode is discussed in section 3.1. The on-demand mode generates requests for immediate reservations and is useful in the study of the effect of coexistence of on-demand and advance reservation modes. The periodic mode generates advance reservation requests and attributes a periodic cycle to each of them. The periodic mode is specifically designed to target certain use cases in the grid computing environment, such as the periodically scheduled movement of data within a hierarchy of storage levels as in the High-Energy Physics Applications [5] . Both the on-demand and periodic modes are highly configurable, and a detailed description can be found at [11] .
Each FONTS trace consists ofa sequence ofrequests for the reservation of lightpath(s) to transfer a specified amount of data between two nodes at a desired time. Most of the traffic passes through these nodes. These nodes can then be assigned significantly higher probabilities than the others. Consequently, when user requests are simulated, more requests will originate and terminate at these nodes.
Amount ofdata to transfer: The data size follows a constant, uniform, heavy-tailed, or non-uniform (known probabilities) distribution. If most of the data sizes are small and a few are large (similar to the Internet traffic), then a heavy-tailed (Pareto) distribution can be used. If the frequently occurring data sizes and their probability of occurrences are known for a system, then the known-probabilities model can be used.
Number oflightpaths requested: This variable follows a constant, uniform or heavy-tailed (Generalized Zipf's) distribution. The simplest mode of data transfer is to stream a file over a single dedicated channel. It may be also possible to stripe data sets into multiple streams. In such cases, the user may request multiple lightpaths simultaneously.
Time at which data transfer is initiated: This variable corresponds to the start time ofthe advance reservation time slot, which is requested by the user. The reservation start times can be modeled using a uniform or a Poisson distribution. The uniform distribution provides the simulated behavior ofthe uniform distribution discussed in the analytical model before. When using the uniform distribution model, the advance reservation start times are calculated according to the request arrival time. When the explicit modeling of advance reservation start times is required, the Poisson model can be used. Another argument for using the Pois- Number oftime slots: The available advance reservation window is divided into discrete time slots. Each advance reservation is aligned with the beginning of one slot. The user can then request one or more time slots depending both on the length of the time slot and on the size ofthe data that needs to be transferred. Figure 4 illustrates the simulation of advance reservation requests according to a uniform distribution. Every user request has an equal probability of selecting any time slot for reservation in the advance reservation window. To achieve this, the total time on the entire time line (request arrival window + advance reservation window) is calculated. Request arrivals are generated using a Poisson distribution with the specified arrival rate. For each request, a time is selected at random from the total time calculated before and added to the current request arrival time. If the resultant reservation time falls outside the advance reservation window, the request is discarded. Otherwise, the reservation time is aligned with the start of the time slot in which it occurs (step 1). This is regarded as the reservation start time and attributed to the request being processed (step 2). Figure 5 shows how advance reservation requests are generated with a Poisson distribution. A reservation start time is selected to follow a Poisson distribution with the specified inter-arrival rate. As before, this reservation time is aligned with the start of the time slot in which it occurs. A pool of such advance reservation start times is generated until the end of the advance reservation window is reached. user request. User requests are also assumed to follow an exponential distribution for the inter-arrival time. As each user request is generated, an advance reservation start time is randomly selected from the pool of start times generated in step 1. This process continues until all the start times are exhausted from the pool, at which point the generation of advance reservation request ends (step 2).
Simulating Advance Reservation Requests

Simulation experiments using FONTS
To illustrate the power and flexibility of FONTS, we show how the rejection probability changes according to the traffic distribution in a 4-node network and how FONTS can help to analyze that effect. Interesting results are also observed with respect to the interplay of file size distribution and reservation probability. They are presented in a future publication due to the space constraints here.
This section extends the analysis of the rejection probability from section 2.3 by relaxing the two-node constraint imposed in the mathematical model. A fully interconnected 4-node network is considered here, but this analysis can be extended to any arbitrary topology (a fully interconnected network has the same number ofpaths between all the pairs of nodes which simplifies the analysis). The nodes are labeled 1, 2, 3 and 4, and the objective of the experiment is to find the rejection probability for the requests between a given pair of nodes, say 1 and 2. It is assumed that there is one wavelength available on each link. There are multiple paths between nodes 1 and 2. The availability ofa particular path (in a time slot) depends not only on the request traffic between nodes 1 and 2, but also on the traffic between other combinations of source-destination pairs. For example, the path 1-3-2 can be used to reach from node 1 to 2, but if a previous request has already used the link from node 3 to 2, then the path 1-3-2 can no longer be used. As such, it will be interesting to obtain the rejection probability between nodes 1 and 2, with varying traffic loads between the other nodes. This requires traces of requests such that the traffic load between nodes 1 and 2 remains constant, and the contribution of traffic load between the other pairs is progressively increased. These types of experiments can be effectively modeled using traces generated by FONTS. For (10) , these n -1 paths can be treated as Y wavelengths in a two node network. Using this data, the value of Psj in (10) can be calculated. For the n-node network, if all the traffic is only between one pair of nodes (say 1-2) then the observed rejection probability will be the same as Prej in (10) , calculated by making Y = n-1. As the traffic between the other pairs of nodes increases, some of the paths between the 1-2 node pair are going to get used up for the requests between the other pairs of nodes. Hence a smaller number of requests for the 1-2 node pair will be satisfied and, subsequently, the rejection probability will increase. Figure 6 shows a plot of the number of nodes versus the rejection probability. The curve generated from (10) gives Figure 6 . Analytical rejection probability as the lower bound. the lower bound, and the remaining five curves were obtained with simulation. Simulations were performed for fully interconnected networks ranging from 3 to 9 nodes (no wavelength converters involved), and traces were generated for varying traffic loads as described above. These traces were then fed to a custom-built First Come First Serve (FCFS) optical network scheduling simulator. The FCFS simulator uses the First-Fit algorithm for wavelength assignment and Shortest-Path-First algorithm for routing [22] . Note that if we extend the simulation beyond 9 nodes, the graph will follow the observed trend.
As expected, the curve with 100% of the traffic between just one pair of nodes approaches the lower bound set by the curve obtained analytically. As the percentage of traffic between these two nodes reduces in comparison to the overall network traffic, the rejection probability increases. The analytically calculated lower bound serves as a tight lower bound on the rejection probability. Therefore, if it is known in advance that the traffic between a particular pair of nodes dominates, the rejection probability can be directly approximated from (10) . In cases where the number of nodes in the network is very large and the traffic between the pair ofnodes under consideration amounts to a small fraction of the total network traffic, the discrepancy between the observed rejection probability and the lower bound is large. This method of approximation should not be used in such cases.
Conclusion
The analysis, experiments, and results presented in this paper are aimed at complementing the ongoing wave of research in creating service oriented communication stacks for Lambda-Grids [4] . This paper explores the semantics of advance reservation requests and incorporates them in a user model. The metrics presented and the bounding con-ditions derived help to assess and to quantify the impact of usage patterns on lightpath provisioning. We have outlined a framework for future research in the advance reservation paradigm. Toward this end, we have introduced FONTS, an effective tool for generating advance reservation request traffic.
Traces generated by FONTS not only help to overcome the paucity of information on lightpath utilization in the real world, but also help in the comprehensive validation of resource provisioning strategies by simulating complex scenarios created by the play of multiple variables in the reservation system. FONTS recognizes the switching nodes in an optical network but is independent of their interconnection. Hence it is scalable and can also be used to model network traffic in existing networks. It has been used in the DWDM-RAM project to ascertain network blocking probability results [13] . It is also being used by the authors in validating the effects of novel scheduling algorithms for lightpath provisioning [9] . In this paper we use FONTS to study the effect of traffic distribution on the rejection probability, while the effect on utilization is currently being studied. In keeping with the philosophy of exposing services through web portals, a web interface to FONTS has been developed. Traces can be configured, generated, evaluated, and downloaded via this interface [11] .
